ABSTRACT The notion that transcription factors bind DNA only through specific, consensus binding sites has been recently questioned. In a pioneering study by Pugh and Venters no specific consensus motif for the positioning of the human preinitiation complex (PIC) has been identified. Here, we reveal that nonconsensus, statistical, DNA triplet code provides specificity for the positioning of the human PIC. In particular, we reveal a highly non-random, statistical pattern of repetitive nucleotide triplets that correlates with the genome-wide binding preferences of PIC measured by Chip-exo. We analyze the triplet enrichment and depletion near the transcription start site (TSS) and identify triplets that have the strongest effect on PIC-DNA nonconsensus binding. Our results constitute a proof-of-concept for a new design principle for protein-DNA recognition in the human genome, which can lead to a better mechanistic understanding of transcriptional regulation.
regulate gene expression. An established paradigm that TFs specifically recognize only relatively short (4-20 bp) consensus DNA motifs (1, 2), has been recently challenged by different high-throughput methods both in vivo and in vitro (3-6). Human pre-initiation complex (PIC) represents one of the most striking examples where design principles of specific protein-DNA recognition remain unknown (5). In particular in a recent study by Pugh and Venters, using the Chip-exo method, no specificity-determining consensus motifs for the positioning of PIC have been identified, thus challenging an established paradigm that the consensus TATA box motif provides the specificity (5).
Here, we reveal that the enrichment level of certain repetitive nucleotide triplets correlate with the genome-wide binding preferences of TFIIB -a key component of PIC (5). Previously, we suggested a model for yeast PIC positioning based on statistical, nonconsensus protein-DNA binding mechanism (6-8). The nonconsensus mechanism predicts that enrichment of certain repetitive DNA sequence elements can lead to an enhanced protein-DNA binding (6) (7) (8) . Here, we show that this mechanism (albeit with entirely different DNA sequence symmetries) also describes the positioning of the human PIC, using a simple random-binder model based on a 64-letter triplet alphabet, with the human genomic DNA sequence constituting the only input into the model (see below).
In particular, we analyzed the measured genomewide occupancy of TFIIB (Fig. 1) , and revealed that the peak of this occupancy (positioned ~50 bp downstream of TSS, Fig. 1 ) is characterized by a highly non-random probability distribution of repetitive nucleotide triplets (Fig. 2) . This finding has led us to develop a minimal random-binder model based on 64-letter triplet code as follows. We consider a model TF formimg M contacts with DNA, sliding along the DNA sliding window with the width L (Fig. S1 ). Such sliding window can be positioned at any genomic position. In order to assign the nonconsensus free energy to the middle of the sliding window, we define the partition function
where kB is the Boltzmann constant and T is the temperature, with the interaction potential U,
where each sequence position i corresponds to a DNA triplet, and there are overall 64 possible nucleotide triplets,  (Fig.  S1 ). Here, K, is the vector containing 64 random energy parameters taken from the Gaussian distribution with the zero mean (for simplicity) and the standard deviation, =2kBT; and S(j) is also a vector of length 64 with all but one zero elements. The only non-zero element (equal to one) of S(j) corresponds to the nucleotide triplet of type  located at the sequence position j. After generating 250 random TFs, and averaging the resulting free energy, ln( ) (3)
with respect to all TFs, we obtain the average nonconsensus free energy for a given genomic position. Moving the sliding window along the genome, and repeating the procedure described above, we obtain the genome-wide average nonconsensus free energy landscape (Fig. 1) . This landscape demonstrates a statistically significant, negative correlation with the measured TFIIB binding preferences (inset in Fig.  1 ). The lower the nonconsensus free energy, the higher the measured TFIIB binding intensity. We have verified that the obtained results are similar for all three possible reading frames (Fig. S2) . (-450 bp; -350 bp) . The enrichment is defined as, n=n-<n>rand, where n and <n>rand represent the computed average number of nucleotide triplets in the set of actual and randomized DNA sequences, respectively. We used ten randomized DNA replicas in order to compute <n>rand. Gray colored bars represent triplets that did not exhibit a significant difference based on the two-sample Kolmogorov-Smirnov pvalue (Table S1 ). To compute error bars, we divided DNA sequences into four randomly chosen subgroups and computed the mean value of the enrichment for each subgroup. The error bars are defined as two standard deviation of the mean between the subgroups. Highly non-random distribution of repetitive nucleotide triplets along the human genomic DNA provides the reason for the observed effect (Fig. 2) . In particular, we analyzed the enrichment level for 64 possible nucleotide triplets in the region of the highest TFIIB binding intensity positioned in the interval (0;100), and compared this enrichment with the one observed in the interval distant from TSS, (-450;-350) (Fig. 2) . The computed triplet enrichment,n=n-<n>rand, is normalized by the GC content in each genomic region separately, and it thus represents a robust measure characterizing the enrichment of repetitive nucleotide triplet patterns. Here, n and <n>rand represent the computed average number of nucleotide triplets in the set of actual and randomized DNA sequences, respectively. We used ten randomized DNA replicas in order to compute <n>rand.
In order to further validate statistical significance of our results, we computed the Kolmogorov-Smirnov (KS) pvalue for each nucleotide triplet (Table S1 ). This p-value provides a statistical significance of the difference between the actual and randomized probability distributions, P(n) and P(nrand), respectively (Table S1 ). For the genomic interval (0;100), the majority (60 out of 64) of computed p-values are highly significant ( Fig. 2A and Table S1 ). For example, the enrichment of GAG triplet and the depletion of GGG triplet, provide the strongest signature for the enhanced TFIIB binding intensity ( Fig. 2A) . The pattern of nucleotide triplet enrichment is entirely different for the interval (-350;-450) , with 54 out of 64 computed p-values being significant ( Fig.  2B and Table S1 ). , where Nαα (x) represents the average number of nucleotide pairs of type α separated by the relative distance x bp, and L0 is the width of the window. We used L0=100 bp. We used DNA sequences of 8364 genes for two genomic regions: the region of high TFIIB binding intensity, (0 bp; 100 bp) (red lines); and the region of low TFIIB binding intensity (-450 bp; -350 bp) (blue lines). To compute error bars, we calculated the mean for each chromosome and divided the results into five randomly chosen subgroups and computed the mean for each subgroup. The error bars are defined as one standard deviation of the mean between the subgroups.
The obtained pattern of nucleotide triplet enrichment (Fig.  2) is validated by the computed pair correlation function, x, representing the probability to find two nucleotides of type  separated by the relative distance, x (Fig. 3) . Taken together, our results indicate that the nonconsensus mechanism provides the DNA binding specificity for TFIIB, meaning that the entire distribution of enrichment/depletion levels for the majority of nucleotide triplets (and not just one or two specific triplets) influence the TFIIB binding intensity.
In summary, using statistical mechanics model without any fitting parameters with genomic DNA sequence constituting the only input, we reveal that the nonconsensus nucleotide triplet code constitutes a key signature providing PIC binding specificity in the human genome. Our results need to be further validated in the future using direct in vitro methods for measuring TFIIB-DNA binding preferences. Such measurements, using purified proteins and DNA, will clarify the question of how much indirect protein-DNA and nucleosome binding influence our model predictions. Author Contributions M.G. and D.B.L. designed research, performed research, and wrote the paper. strand. In our model we used TF that forms 24 contacts with nucleotide bases (blue), which corresponds to M=8 contacts with nucleotide triplets (black). Each model TF slides (gray arrow) along the DNA sequence by 3 bp steps.
We used the sliding window with the width 100 bp, which corresponds to L=33 nucleotide triplets. The following three examples illustrate the energy calculation as TF slides three consecutive steps along the sliding window: (A)
U(1)=2KAGC+2KTAG+2KCTA+2KGCT; (B) U(2)=2KTAG+2KCTA+2KGCT+KAGC+KACG; (C) U(3)=2KCTA+2KGCT+KAGC
+KACG+KTAG+KTGA. The 64 random energy parameters K are drawn from the Gaussian distribution with the zero mean and the standard deviation =2kBT. These parameters uniquely define a given random binder. In all our calculations we used the free energy averaged over 250 random binders. Therefore, for each DNA sliding window, the procedure described above was repeated for all 250 random binders, each characterized by a different set of K. 
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